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1. Introduction {#sec001}
===============

Globally, the extent of forest continues to decline and since 1990 more than 1,290,000 km^2^ of forest has disappeared \[[@pone.0177552.ref001],[@pone.0177552.ref002]\]. In recent years, the decline has slowed and some countries, mainly developed northern countries, has even increased there tree cover in recent decades \[[@pone.0177552.ref001],[@pone.0177552.ref002]\]. However, deforestation of natural forest and forest in the tropics continues \[[@pone.0177552.ref002]--[@pone.0177552.ref004]\].

The change in tree cover is of great concern, as forests are the primary habitat type for terrestrial biodiversity and deforestation is one of the main drivers of biodiversity loss \[[@pone.0177552.ref005],[@pone.0177552.ref006]\]. Furthermore, forests offer many ecosystems services for humans, such as soil and flood protection, food, recreational uses, wood products, aesthetic and spiritual values, climate control, e.g. exchanges of water and carbon dioxide, storage of carbon etc. \[[@pone.0177552.ref007]--[@pone.0177552.ref011]\]. Nevertheless, forests have undergone drastic transformation during recent time and forests in China are no exception.

China has a long history of anthropogenic impact, but has experienced unprecedented population growth during the 20^th^ century and substantial economic growth during recent decades \[[@pone.0177552.ref012]\]. These changes have had a big impact on the forests in China and huge areas have been deforested and forest age and composition has changed substantially \[[@pone.0177552.ref012]--[@pone.0177552.ref014]\]. For example during 1960s and 1970s where a national strategy of food self-sufficiency made farming on steep slopes more widespread, with deforestation of sloped terrain as a consequence \[[@pone.0177552.ref014]\]. Usually, sloped terrain and higher elevation in general have a certain natural protection for deforestation because of its difficult accessibility to human activity with e.g. agriculture, and studies have shown that there is a connection between topography and tree cover \[[@pone.0177552.ref015]--[@pone.0177552.ref017]\].

These large impacts on forests in China, however, have led to a growing recognition of the importance of forests and the need to protect them. In addition to an extensively increase in the number of protected areas during the last decades \[[@pone.0177552.ref018],[@pone.0177552.ref019]\], China has launched several programs to protect and increase the tree cover within its borders. The first huge program was the Three North Shelterbelt Program, which was an afforestation program, launched in 1978 to prevent or reduce further desertification \[[@pone.0177552.ref020]\]. In 1998 the Natural Forest Protection Program was launched and in1999 the Grain for Green Program (Also known as Slope Land Conversion Program or the Conversion of Cropland to Forest Program), the latter first locally launched but in 2001 it became national. These programs increased the afforestation and reforestation substantially \[[@pone.0177552.ref014],[@pone.0177552.ref021]--[@pone.0177552.ref023]\] and have led to an overall increase in tree cover in China \[[@pone.0177552.ref001]\]. In recent decades China has also experienced massive rural to urban migration and as a consequence land abandonment, especially in areas that are less attractive for agriculture, e.g. sloped terrain is being abandoned \[[@pone.0177552.ref024]--[@pone.0177552.ref026]\].

Other studies have investigated patterns of tree cover and tree cover changes locally in China; however, none have focused on how tree cover changes are linked to anthropogenic, climatic, and topographic factors in the entire eastern half of China. The aim of this study is to investigate how tree cover has changed in the eastern half of China between 2000 and 2010. We hypothesize that tree cover overall has increased and mainly in areas that have experienced a population decline and has low human influence. Furthermore, we hypothesize that increased actual evapotranspiration and topographic slope has a positive effect on tree cover change. Lastly, we also investigate if tree cover has increased especially within protected areas.

2. Materials and methods {#sec002}
========================

2.1 Study area {#sec003}
--------------

Our study encompasses a vast area (4.873.475 km^2^) located in China, which roughly corresponds to the eastern half of China ([Fig 1](#pone.0177552.g001){ref-type="fig"}). The area was chosen by selecting all prefectures in China were half or more of the counties within had more than 400 mm annual precipitation. This included 300 prefectures, 2086 counties, and 194.939 5×5 km grid cells all located in the eastern part of China. China is a huge country with diverse climate, but in general eastern China has a wetter climate and thus naturally more tree cover than western China. The excluded parts of China were all of Xinjiang Uyghur Autonomous Region, most of Tibet Autonomous Region, Qinghai province and Gansu province, and approximately half of Ningxia Autonomous Region and Inner Mongolia Autonomous Region.

![**Study area and a) actual evapotranspiration for China and b) Study area and tree cover 2000 for China**. See supporting information [S1 Fig](#pone.0177552.s002){ref-type="supplementary-material"} for tree cover 2010 for China.](pone.0177552.g001){#pone.0177552.g001}

2.2 Environmental and anthropogenic data {#sec004}
----------------------------------------

We used tree cover data for 11 years between 2000 and 2010 from the Moderate Resolution Imaging Spectroradiometer (MODIS) Vegetation Continuous Fields (VCF) dataset (250 m resolution) \[[@pone.0177552.ref027]\] and calculated overall tree cover change and the per-year change rate from 2000 to 2010. The per-year change rate for each cell was calculated by fitting a linear regression between year and tree cover for all cells in each year between 2000 and 2010. The slope of the regression was taken to be the tree cover change rate. MODIS VCF has been validated and found to overall perform well \[[@pone.0177552.ref027]--[@pone.0177552.ref030]\]. However, studies have found that MODIS VCF shows uncertainty in estimating tree cover and tree cover changes in semi-arid areas \[[@pone.0177552.ref031]\].

For topographic data we used elevation data (supporting information [S2A Fig](#pone.0177552.s003){ref-type="supplementary-material"}) derived from Shuttle Radar Topography Mission (90 m resolution) \[[@pone.0177552.ref032]\] and calculated slope (supporting information [S2B Fig](#pone.0177552.s003){ref-type="supplementary-material"}). Regarding climate data more specifically water availability in relation to energy input, we used mean annual actual evapotranspiration (AET) from the Global-High-Resolution Soil-Water Balance dataset (30 arcsec resolution) \[[@pone.0177552.ref033]\] (supporting information [S2C Fig](#pone.0177552.s003){ref-type="supplementary-material"}).

Human population density, Human Influence Index (HII) and Gross Domestic Product (GDP) were used as variables to represent anthropogenic activities. For human population density we used the years 2000 (PopD2000) and 2010 (PopD2010) (30 arcsec resolution) \[[@pone.0177552.ref034]\] and calculated change in population density between 2000 and 2010 (PC00-10) (supporting information [S2D Fig](#pone.0177552.s003){ref-type="supplementary-material"}). Human Influence Index (HII) (1 km resolution) \[[@pone.0177552.ref035]\] (supporting information [S2E Fig](#pone.0177552.s003){ref-type="supplementary-material"}), which is an index going from 0 (no impact) to 64 (maximum impact), combines data for population density with data for human land use and accessibility (roads, railroads, navigable rivers and coastlines) and can be used to describe anthropogenic impacts on the environment. Gross domestic product (GDP) for the year 2000 for all counties in China \[[@pone.0177552.ref036]\] were obtained and we calculated the GDP per area (km^2^) for the counties (supporting information [S2F Fig](#pone.0177552.s003){ref-type="supplementary-material"}) and prefectures.

In addition, we derived data for protected areas from World Database on Protected Areas \[[@pone.0177552.ref037]\] and made a 10 km buffer around all the protected areas and then calculated whether the majority of a 5×5 km grid cell were within a protected area, in a buffer, or outside the protected areas.

All data were projected to the Albers Equal Area Conic projection and converted to their mean values for 5×5 km grid cells, counties and prefectures. We used ArcGIS 10.2 (ESRI, Redlands, CA) for all GIS operations.

Additionally, we calculated Pairwise Pearson's correlation coefficient (r) for all variables on all scales (supporting information [S1 Table](#pone.0177552.s001){ref-type="supplementary-material"}). Tree cover change between 2000 and 2010 (TCC) was correlated with the per-year change rate (CR) on all scales (r\>0.7). See supporting information [S3 Fig](#pone.0177552.s004){ref-type="supplementary-material"} for comparison between TCC and CR on all scales.

2.3 Random Forest {#sec005}
-----------------

To determine which environmental and anthropogenic variables that best explained the tree cover changes between 2000 and 2010 (TCC) we used the R package randomForest v. 4.6--12 \[[@pone.0177552.ref038]\] and ran Random Forest regression \[[@pone.0177552.ref039]\] on the three scales; 5×5 km grid cells, counties and prefectures. On the 5×5 km grid cell scale we ran three different analyses; one with all cells, one with all cells experiencing a change (increase or decrease) of 10% or more, and one with all cells experiencing a change (increase or decrease) of 15% or more. The latter two were incorporated to get a more robust result and leave out cells with small changes that might be wrongly classified as cells having an increase or decrease in tree cover.

Random Forest (RF) is used to assess variable importance and predict species distribution. It is a machine learning technique that ensembles many regression and classification trees, thereby the forest, to reduce the variance and improve prediction accuracy. The randomness in the "Forest" appears because each tree is based on a random subset of the observations (bootstrap samples) and that each split in each tree is based on a random subset of variables. RF is among the best performing machine learning models for regression and classification regarding variable importance and prediction of species distribution \[[@pone.0177552.ref040]--[@pone.0177552.ref042]\].

The performance of the RF models may be influenced by the number of variables in each split (mtry) and the number of trees (ntree) in the "forest". However, changes in ntree and mtry in most cases have negligible effects \[[@pone.0177552.ref043]\]. Here, we tried with a different number of variables in each split, but found that the default value for mtry (number of variables divided by 3) yielded optimal or close to optimal performance of all the models. We also tried different ntree values and found that the models only improved slightly above 100 trees (supporting information [S4 Fig](#pone.0177552.s005){ref-type="supplementary-material"}). As computation time increased with increasing ntree, we therefore used ntree = 1.000 in our modelling.

Correlated variables do not influence the predictive power of RF \[[@pone.0177552.ref039]\], but may affect estimated variable importance as they might mask the importance of each other. Consequently, we kept correlated variables (r \> 0.7, see supporting information [S1 Table](#pone.0177552.s001){ref-type="supplementary-material"}) in separate models on all scales. For example, population densities for 2000 (PopD2000), 2010 (PopD2010) and the change between 2000--2010 (PC00-10) were, not surprisingly, correlated with each other (supporting information [S1 Table](#pone.0177552.s001){ref-type="supplementary-material"}), and they were therefore only included in separate models ([Table 1](#pone.0177552.t001){ref-type="table"}). As population density in the various years and the change between the years had similar explanatory power (±0.5% variance explained), we used the change between 2000 and 2010 in the analyses presented here.

10.1371/journal.pone.0177552.t001

###### Comparison of selected random forest models with increased complexity for the three scales.

![](pone.0177552.t001){#pone.0177552.t001g}

  Scale               MSR     %Var. explained   Variables (after importance)[^a^](#t001fn001){ref-type="table-fn"}                                                                                                                                                               
  ------------------- ------- ----------------- -------------------------------------------------------------------- ---------------------------------------------------- --------------------------------------------------- -------------------------------------------------- --------------------------------------------------
  5×5 km grid cells   202.3   8.3               Elevation[\*\*\*](#t001fn002){ref-type="table-fn"}                   Slope[\*\*\*](#t001fn002){ref-type="table-fn"}       AET[\*\*\*](#t001fn002){ref-type="table-fn"}        PC00-10[\*\*\*](#t001fn002){ref-type="table-fn"}   HII[\*\*\*](#t001fn002){ref-type="table-fn"}
  Counties            10.8    47.2              Slope[\*\*\*](#t001fn002){ref-type="table-fn"}                       Elevation[\*\*\*](#t001fn002){ref-type="table-fn"}   GDP/Area[\*\*\*](#t001fn002){ref-type="table-fn"}   AET[\*\*\*](#t001fn002){ref-type="table-fn"}       PC00-10[\*\*\*](#t001fn002){ref-type="table-fn"}
  Prefectures         8.0     41.0              Slope[\*\*\*](#t001fn002){ref-type="table-fn"}                       Elevation[\*\*\*](#t001fn002){ref-type="table-fn"}   AET[\*\*\*](#t001fn002){ref-type="table-fn"}        PC00-10[\*\*\*](#t001fn002){ref-type="table-fn"}   
                                                                                                                                                                                                                                                                                 

^a^ Variables listed according to their importance (see [results](#sec006){ref-type="sec"} section).

\*\*\* = p-value ≤ 0.005.

Acronyms: MSR = mean of squared residuals (error), %Var. explained = percentage of variance the random forest models can explain (explanatory power), AET = actual evapotranspiration, GDP/Area = gross domestic product per km^2^, PC00-10 = Change in population density between 2000 and 2010, HII = Human Influence Index.

We used the permutation-based mean squared error (MSE) reduction \[[@pone.0177552.ref043],[@pone.0177552.ref044]\] and the permutation importance (PIMP) algorithm \[[@pone.0177552.ref045]\] in R package vita (Variable Importance Testing Approaches) version 1 \[[@pone.0177552.ref046]\] to investigate which variables were important in the models. Additionally, we used recursive feature elimination \[[@pone.0177552.ref047]\], where the least relevant variable is eliminated and a new permutation importance measure is computed at each step to find the simplest model with the most relevant variables.

3. Results {#sec006}
==========

Overall, 2,667,875 km^2^ of the eastern China study area has experienced an increase in tree cover between 2000 and 2010, hereof 1,165,250 km^2^ with an increase of ≥ 10% tree cover change. In contrast, 1,854,900 km^2^ of the eastern China study area has experienced a mean decrease in tree cover, herof 608,450 km^2^ with a mean decrease ≤ -10% tree cover change ([Fig 2](#pone.0177552.g002){ref-type="fig"}). On the county and prefecture scale, there are 1587 counties and 229 prefectures that has experienced a mean increase in tree cover and 554 counties and 71 prefectures that has experienced a mean decrease in tree cover (supporting information [S5 Fig](#pone.0177552.s006){ref-type="supplementary-material"}).

![Tree cover change in percent between 2000 and 2010 (TCC) for 5×5 km grid cells.\
Green colors indicate an increase, gray colors indicate a slight increase or decrease and red colors indicate a decrease in tree cover between 2000 and 2010. See supporting information [S5 Fig](#pone.0177552.s006){ref-type="supplementary-material"} for tree cover change (TCC) on county and prefecture scale.](pone.0177552.g002){#pone.0177552.g002}

Some areas in eastern China have experienced particularly strong tree cover changes. Tree cover increases have been strongest in the central parts, mainly in east Sichuan, southeast Guizhou, south Gansu and Shaanxi, west Hubei and Hunan, southwest Yunnan and in Guangxi. In contrast, tree cover losses have mainly occurred in the northern and eastern parts of eastern China, but also in central and south Sichuan ([Fig 2](#pone.0177552.g002){ref-type="fig"} and supporting information [S5 Fig](#pone.0177552.s006){ref-type="supplementary-material"}).

The random forest (RF) models did well on county and prefecture scale where the best models explained 47.2% and 41.0% of tree cover change variation. Conversely, the RF model on the 5×5 km grid cell scale only explained 8.3% of tree cover change variation. However, the performance increased when we only included cells with a substantial increase or decrease in tree cover. The RF models on the 5×5 km grid cell scale, using only cells that had experienced an increase or decrease of 10% or more or of 15% or more, explained 11.5% and 13.6% of the variation, respectively.

On all three scales slope, elevation, actual evapotranspiration (AET) and population density change between 2000 and 2010 (PC00-10) were important explanatory factors for tree cover changes ([Table 1](#pone.0177552.t001){ref-type="table"}). Human Influence Index (HII) were also important at the 5×5 km scale ([Table 1](#pone.0177552.t001){ref-type="table"}), but not on the coarser scales. In contrast, Gross Domestic Product per area (GDP/Area) was important at the county scale ([Table 1](#pone.0177552.t001){ref-type="table"}). Whether a grid cell was assigned to be inside a protected area, in a buffer, or fully outside it never significantly contributed to the model's explanatory power and was thus left out of the final models. The variable importance rank did not change for the RF models on the 5×5 km grid cell scale regardless of all cells were included or only cells experiencing a change of 10% or 15% or more were included.

The importance rank of the explanatory variables was largely consistent between scales, with only small shifts. Slope and elevation always constituted the two most important variables ([Fig 3](#pone.0177552.g003){ref-type="fig"}). Furthermore, AET was also always of higher importance than PC00-10 ([Fig 3](#pone.0177552.g003){ref-type="fig"}). However, GDP/Area was more important than both at the county scale ([Fig 3](#pone.0177552.g003){ref-type="fig"}).

![Variable importance for the random forest models for the county and prefecture scale (top axis) and the 5×5 km grid cells scale (bottom axis).\
The variable importance is calculated by comparing the mean squared error from models with the original dataset with the mean squared error from models with an altered dataset where the predictor variable is randomly permuted. Acronyms: AET = actual evapotranspiration, PC00-10 = Change in population density between 2000 and 2010, GDP/Area = gross domestic product per km^2^, HII = Human Influence Index.](pone.0177552.g003){#pone.0177552.g003}

The marginal response of slope increases as steepness increases (Figs [4B](#pone.0177552.g004){ref-type="fig"}, [5A](#pone.0177552.g005){ref-type="fig"} and [6A](#pone.0177552.g006){ref-type="fig"}) and the effect of elevation increases with higher elevation until the effect again reduces and levels off (Figs [4A](#pone.0177552.g004){ref-type="fig"}, [5B](#pone.0177552.g005){ref-type="fig"} and [6B](#pone.0177552.g006){ref-type="fig"}). The importance of AET on TCC overall increases with increasing AET, but fluctuates at the higher values (Figs [4C](#pone.0177552.g004){ref-type="fig"}, [5C](#pone.0177552.g005){ref-type="fig"} and [6C](#pone.0177552.g006){ref-type="fig"}). Changes in population density are most important (the marginal response of TCC is highest) when they are negative and the importance decreases with increasing population density changes (Figs [4D](#pone.0177552.g004){ref-type="fig"}, [5E](#pone.0177552.g005){ref-type="fig"} and [6D](#pone.0177552.g006){ref-type="fig"}). The data for change in population density had a few data points with huge values, but was mainly concentrated around zero. Therefore, the axes in Figs [4D](#pone.0177552.g004){ref-type="fig"}, [5E](#pone.0177552.g005){ref-type="fig"} and [6D](#pone.0177552.g006){ref-type="fig"} are cut off to show only the mid 80% of the data. See supporting information [S6A Fig](#pone.0177552.s007){ref-type="supplementary-material"}, [S6C Fig](#pone.0177552.s007){ref-type="supplementary-material"} and [S6B Fig](#pone.0177552.s007){ref-type="supplementary-material"} for the full partial dependence plots. In the top 10% of the data the effect seems to increase some again and then levels off as population density change increases (supporting information [S6A, S6C and S6B Fig](#pone.0177552.s007){ref-type="supplementary-material"}). However, the few data points for the very high population density changes make it difficult to interpret the effect of these on tree cover changes. The same applies to the GDP/Area data, which also have very few huge values. For the majority of data the marginal response decreases with increasing GDP/Area ([Fig 5C](#pone.0177552.g005){ref-type="fig"}), but increases with the very few and very high values (supporting information [S6D Fig](#pone.0177552.s007){ref-type="supplementary-material"}). The marginal response of HII fluctuates a lot but overall shows a trend with decreasing response as HII increases ([Fig 4E](#pone.0177552.g004){ref-type="fig"}).

![Partial dependence plots of the variables in the random forest model on the 5×5 km grid cells scale.\
**a)** slope, **b)** elevation, **c)** actual evapotranspiration, **d)** change in population density between 2000 and 2010, and **e)** Human Influence Index. The ticks inside the graphs indicate the deciles for the data. The x-axis in partial dependence plot **d)** has been cut off at the 1^st^ and 9^th^ decile, so the graph only shows the mid 80 percent of the data. See supporting information [S6B Fig](#pone.0177552.s007){ref-type="supplementary-material"} for the complete partial dependence plot of change in population density between 2000 and 2010.](pone.0177552.g004){#pone.0177552.g004}

![Partial dependence plots of the variables in the random forest model on county scale.\
**a)** slope, **b)** elevation, **c)** GDP per square kilometer, **d)** actual evapotranspiration, and **e)** change in population density between 2000 and 2010. The ticks inside the graphs indicate the deciles for the data. The x-axis in partial dependence plot **c)** has been cut off so big outliners above the 9^th^ decile are not shown. See supporting information [S6D Fig](#pone.0177552.s007){ref-type="supplementary-material"} for the complete partial dependence plot of GDP per square kilometer. The x-axis in partial dependence plot **e)** has been cut off at the 1^st^ and 9^th^ decile, so the graph only shows the mid 80 percent of the data. See supporting information [S6C Fig](#pone.0177552.s007){ref-type="supplementary-material"} for the complete partial dependence plot of change in population density between 2000 and 2010.](pone.0177552.g005){#pone.0177552.g005}

![Partial dependence plots of the variables in the random forest model on prefecture scale.\
**a)** slope, **b)** elevation, **c)** actual evapotranspiration, and **d)** change in population density between 2000 and 2010. The ticks inside the graphs indicate the deciles for the data. The x-axis in partial dependence plot **d)** has been cut off at the 1^st^ and 9^th^ decile, so the graph only shows the mid 80 percent of the data. See supporting information [S6A Fig](#pone.0177552.s007){ref-type="supplementary-material"} for the complete partial dependence plot of change in population density between 2000 and 2010.](pone.0177552.g006){#pone.0177552.g006}

The importance and the response of the variables also correspond to those areas which experienced a tree cover increase between 2000 and 2010 and are in general located in areas with higher slopes, mid elevations between 1000--2000 m, human population declines or small increases, and low to moderate GDP/Area (supporting information [S7](#pone.0177552.s008){ref-type="supplementary-material"}, [S8](#pone.0177552.s009){ref-type="supplementary-material"} and [S9](#pone.0177552.s010){ref-type="supplementary-material"} Figs).

4. Discussion {#sec007}
=============

There has been both increase and decrease in tree cover throughout the study area, but overall increase predominates and especially in central parts of eastern China. Between 2000 and 2010 2,667,875 km^2^ in the eastern half of China experienced a tree cover increase, while 1,854,900 km^2^ experienced a tree cover decline. 1,165,250 km^2^ have had an increase of ≥ 10%, almost twice the area that have had a decrease of ≤ -10%. Slope, elevation, actual evapotranspiration (AET) and change in population density between 2000--2010 (PC00-10) were all important in explaining the tree cover changes. Human Influence Index (HII) and GDP per area (GDP/Area) were also important factors on the 5×5 km scale and the county scale, respectively. Overall, these findings show that recent tree cover increase in eastern China is associated with low and declining human pressure, as well as steep terrain with limited utility for human activities and climatic conditions favoring tree growth. These relations will be discussed in the following.

The marginal response of TCC in relation to Human Influence Index (HII) fluctuates a lot on the fine scale, but overall decreases as HII increases. The reason for the fluctuation could be that some areas with low HII already have relatively high tree cover, or other areas have climatic conditions which neither favors tree cover or anthropogenic presence. Another aspect is that in many cases areas with high HII have formerly been extensively deforested and are therefore only capable of experiencing an increase in tree cover, especially with the growing awareness of the importance of tree cover.

The marginal response of TCC in relation to changes in population density (PC00-10) was highest when the PC00-10 was negative and overall decreases as PC00-10 increased positively. Many of the areas that have experienced a decline in population density and an increase in tree cover are likely areas with marginal farmlands which have been abandoned---especially in areas with steep slopes, due to rural to urban migration \[[@pone.0177552.ref025]\]. The Slope Land Conversion program has also particularly targeted marginal farmland with slopes over 25° for reforestation and afforestation \[[@pone.0177552.ref014],[@pone.0177552.ref022],[@pone.0177552.ref023],[@pone.0177552.ref048]\], which likely has influenced the relation between TCC and topography.

We also see a relation between TCC and topography as the marginal response of TCC increases as slope increases and at elevations between approximately 500 m and 2000--2500 m. Slope and elevation are linked to each other, as it is usually steepest at mid elevation on a mountain. Low elevation and flat terrain are most attractive for anthropogenic use and a number of other studies have also found a connection between topography and tree cover \[[@pone.0177552.ref015]--[@pone.0177552.ref017],[@pone.0177552.ref049]\] or between topography and protected areas \[[@pone.0177552.ref050]--[@pone.0177552.ref052]\], all due to anthropogenic factors. This anthropogenic preference for areas in low elevation and with low slopes can also be seen in supporting information [S10 Fig](#pone.0177552.s011){ref-type="supplementary-material"}, which shows a clear trend on all scales with decreasing human influence as slope and elevation increases. The decrease of TCC response on elevation after approximately 1500--2500 m could also be caused by the relation between elevation and slope, as mountains often flattens out near the top and these areas again become attractive to anthropogenic use, e.g. as pastures for livestock. However, it is probably also caused by climatic conditions that do not favor tree cover, e.g. some of the high elevations are above the tree line and some are on the Tibetan plateau were it is too dry.

The relationship between AET and TCC is probably also influenced by anthropogenic factors. Not surprisingly, the response of TCC is low, when AET is low. Above approximately 300 mm the marginal response of TCC begins to increase and there is an overall positive relation between increase in AET and increase in the response of TCC. However, the response drops again around 700 mm and there is no natural explanation to this drop. A possible explanation could be that as AET increases the conditions for agriculture improve and the competition with agriculture and the general anthropogenic pressure rises. This is also consistent with a study which found that the Slope Land Conversion program resulted in a significant increase in vegetation cover in the northern Shaanxi Province, but not in the southern part of the province where the climate is more humid \[[@pone.0177552.ref048]\]. The subsequent fluctuations of the response may also be due to a combination of climatic favorable conditions, anthropogenic pressure, and relatively few data points. The uncertainty of MODIS VCF in estimating tree cover in semi-arid climate should not affect our result, as we mainly included areas with annual precipitation above 400 mm, which also means that we only included small areas with semi-arid climate, mainly in the northwestern part of our study area.

We did not find a significant importance of protected areas on TCC. This could be due to several different things. For example, if a protected area in climatic favorable condition for tree cover has been effective previously, it should already have close to maximum tree cover and thereby tree cover cannot increase further. Whereas areas that have not been protected previously and therefore have experienced extensive deforestation have potential to get relatively high tree cover increase if targeted by afforestation programs. Protected areas also tend to be located in areas that are naturally less likely to be affected by anthropogenic pressure and thereby deforestation \[[@pone.0177552.ref051]\]. Furthermore, we have relatively few data points for protected areas compared to the size of our overall study area, which might also influence the variable importance result of our random forest models. However, the lack of a detected effect of protected areas might also be a "real result" reflecting limited effectiveness of protected areas. Ineffectiveness of protected areas is a commonly referred problem in China, with many protected areas argued to be so-called "paper parks" \[[@pone.0177552.ref013],[@pone.0177552.ref019],[@pone.0177552.ref053]\], and studies have found high deforestation within protected areas \[[@pone.0177552.ref054]\].

The RF models do well on the coarser scales, where they explain 41.0% and 47.2% of the variation in tree cover change between 2000 and 2010 (TCC), but the model on the fine scale is only able to explain 8.3% of the variance. The relatively low percentage of variation explained at the fine scale probably reflects stochasticity and local factors, which were not accounted for in our model. Furthermore, the performance of the RF model on the fine scale increased when we excluded cells with low tree cover changes, e.g. cells with a higher uncertainty of an actual increase or decrease of tree cover. The percentage variation explained increased to 11.5% and 13.6%, when only cells with a change of 10% or more or of 15% or more were used, respectively. Nevertheless, the importance rank and the overall relationship of the variables were the same.

Our results show that while there is an overall increase in tree cover within China it is not uniformly distributed. Certain areas, mainly with low or declining population density, low HII, and steep topography, are more likely to experience increase in tree cover and to be protected in the future. Furthermore, even though afforestation and reforestation programs have been partially effective in reducing ecosystem degradation, e.g. soil erosion in some areas \[[@pone.0177552.ref055]\], they have not been able to reduce the overall problem with soil erosion \[[@pone.0177552.ref056]\]. In addition, some studies have criticized the afforestation programs for prioritizing economy and wood production \[[@pone.0177552.ref057]\] rather than ecological restoration, and for not taking local environmental conditions into account \[[@pone.0177552.ref058],[@pone.0177552.ref059]\], instead using a "one size fits all" approach. This has resulted in low tree survival rates and little or no restoration effect in many afforestation programs \[[@pone.0177552.ref020],[@pone.0177552.ref057]--[@pone.0177552.ref060]\]. Some have even exacerbated the environmental degradation using unsuitable species, which in turn has led to decrease of soil moisture and natural biodiversity \[[@pone.0177552.ref057]--[@pone.0177552.ref060]\].

Another aspect worth mentioning, is that the increase in tree cover is to a large extent caused by increase in plantations \[[@pone.0177552.ref061]\], which in many cases consists of monocultures and non-native species \[[@pone.0177552.ref057],[@pone.0177552.ref059],[@pone.0177552.ref062]\]. Monocultures do not contribute to biodiversity in the same degree as natural forest \[[@pone.0177552.ref063]--[@pone.0177552.ref065]\] and even leads to loss of biodiversity in some cases \[[@pone.0177552.ref066]\].

In China--and in the world in general--there is a growing recognition and awareness of the importance of forests for the biodiversity and how ecosystem services influence human well-being. Along with the global trend of marginal farmland abandonment \[[@pone.0177552.ref025],[@pone.0177552.ref067]--[@pone.0177552.ref069]\], this offers great opportunities for restoration of ecosystems, biodiversity and ecosystems services in the years to come, for example through rewilding \[[@pone.0177552.ref069],[@pone.0177552.ref070]\]. Increase in tree cover also offers interesting opportunities for threatened biodiversity. For example if mixed forests are promoted over monocultures, alongside with restoration of degraded habitats and corridors between fragmented habitats of the threatened species, \[[@pone.0177552.ref066],[@pone.0177552.ref071]--[@pone.0177552.ref074]\] as an integrated part of the reforestation and afforestation programs.

Other studies have investigated the tree cover change in China locally and also found it is increasing, linked to topography and anthropogenic pressure (e.g. Wang et al. 2016 \[[@pone.0177552.ref025]\]) This study add to the understanding of tree cover change in China, as it has focus on the entire eastern half of China on both grid cells, county, and prefecture scale. Our results show that areas with an increase in tree cover predominate, especially in central parts of eastern China, as the area with an increase of 10% or more was almost twice as large as the area with a decrease of 10% or more. Furthermore, our findings show that the increase in tree cover in eastern China is associated with low and declining human pressure, climatic condition favoring tree growth, and steep terrain which is less attractive for anthropogenic use, e.g. agriculture. It is important that these associations are taken into account in reforestation and afforestation programs and future studies as they can contribute to more comprehensive predictions and explanations about tree cover change.

Supporting information {#sec008}
======================

###### Pearson's correlation coefficient (r) for all variables on all scales.

Acronyms: TCC = Tree cover change between 2000 and 2010, CR = Tree cover change rate between 2000 and 2010, AET = Actual evapotranspiration, PopD2000 and PopD2010 = Population density for the year 2000 and 2010, PC00-10 = Population density change between 2000 and 2010, HII = Human Influence Index, GDP/Area = Gross domestic product per area.

(PDF)

###### 

Click here for additional data file.

###### Tree cover 2010 for China with study area (selected prefectures).

(TIFF)

###### 

Click here for additional data file.

###### Maps of the variables for the study area ([Fig 1](#pone.0177552.g001){ref-type="fig"}).

**a)** Elevation, **b)** slope, **c)** actual evapotranspiration (AET), **d)** population density change between 2000 and 2010 (PC00-10), **e)** Human Influence Index (HII), **F)** Gross domestic product per area (for counties) (GDP/Area).

(TIFF)

###### 

Click here for additional data file.

###### Comparison between tree cover change (TCC) and per-year change rate (CR).

**a)** 5×5 km grid cells scale, **b)** county scale, and **c)** prefecture scale. The blue lines display LOESS regression fits and are not extrapolated. The red lines display linear regression. In **a)** the blue line lay on top of the red line.

(TIF)

###### 

Click here for additional data file.

###### Decrease in mean of squared error in relation to number of trees in the random forest model.

**a)** 5×5 km grid cells scale, **b)** county scale, and **c)** prefecture scale. The same trend is seen in all the random forest models for all scales.

(TIF)

###### 

Click here for additional data file.

###### 

**Tree cover change in percent between 2000 and 2010 (TCC) for a) county and b) prefecture scale**. Green colors indicate an increase, beige color indicates a slight increase or decrease and red colors indicate a decrease in tree cover between 2000 and 2010.

(TIF)

###### 

Click here for additional data file.

###### Complete partial dependence plot for change in population density and GDP per square kilometer.

Complete partial dependence plots of "change in population density (PopD) between 2000 and 2010 for **a)** the prefecture scale, **b)** the 5×5 km grid cells scale, and **c)** the county scale. Complete partial dependence plot of "GDP per square kilometer" for the county scale is showed in **d)**. The ticks inside the graphs indicate the deciles for the data and for all plots are data concentrated closely around 0, e.g. in **b)** only one thick can be seen as all the ticks lay on top of each other. See Figs [4D](#pone.0177552.g004){ref-type="fig"}, [5C, 5E](#pone.0177552.g005){ref-type="fig"} and [6D](#pone.0177552.g006){ref-type="fig"} for cut of plots.

(TIFF)

###### 

Click here for additional data file.

###### Prefecture scale.

Tree cover change between 2000 and 2010 (TCC) as a function of **a)** slope, **b)** elevation, **c)** actual evapotranspiration, and **d)** change in population density between 2000 and 2010. All are for prefecture scale and **d)** change in population density between 2000 and 2010 is log-modulus transformed. The red lines display LOESS regression fits and are not extrapolated. Blues lines indicate 0 on the y axis.

(TIF)

###### 

Click here for additional data file.

###### County scale.

Tree cover change between 2000 and 2010 (TCC) as a function of **a)** slope, **b)** elevation, **c)** actual evapotranspiration, **d)** change in population density between 2000 and 2010, and **e)** GDP per square kilometer. All are for county scale and **e)** GDP per square kilometer is log transformed. The red lines display LOESS regression fits and are not extrapolated. Blues lines indicate 0 on the y axis.

(TIFF)

###### 

Click here for additional data file.

###### 5×5 km grid cells scale.

Tree cover change between 2000 and 2010 (TCC) as a function of **a)** slope, **b)** elevation, **c)** actual evapotranspiration, **d)** change in population density between 2000 and 2010, and **e)** Human Influence Index. All are for the 5×5 km grid cells scale and **d)** change in population density between 2000 and 2010 is log-modulus transformed. The red lines display LOESS regression fits and are not extrapolated. Blues lines indicate 0 on the y axis.

(TIF)

###### 

Click here for additional data file.

###### Human Influence Index as a function of slope and elevation for the three scales.

Human Influence Index as a function of slope for the **a)** prefecture, **b)** county and **c)** 5×5 km grid cells scale. Human Influence Index as a function of elevation for the **d)** prefecture, **e)** county and **f)** 5×5 km grid cells scale.

(TIF)

###### 

Click here for additional data file.
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